Volatility plays a central role in derivatives pricing, optimal portfolio selection, and risk management. These applications motivate an extensive l iterature on volatility modeling. Starting with Engle (1982) , researchers have t a v ariety of autoregressive c onditional heteroskedasticity ( A RCH), generalized ARCH (Bollerslev (1986) ), exponential ARCH (Nelson (1991) ), and stochastic v olatility m odels to asset returns. This literature, h o wever, has centered o n e v aluating the statistical performance of volatility m odels rather than the economic s i gnicance of time-varying, predictable volatility. I n contrast, w e focus on the latter. Specically, w e e xamine the economic value of volatility timing to risk-averse investors. Several review articles s u m marize the empirical ndings on volatility (see, e.g., Bollerslev, Chou, and Kroner (1992) , Bollerslev, Engle, and Nelson (1994) , Diebold and Lopez (1995), and Palm (1996) ). The evidence i s generally consistent across a broad range of assets and econometric specications, and overwhelmingly suggests that volatility i s t o s o m e extent predictable. However, standard volatility m odels typically explain only a small fraction of the variation in squared r e turns. This has led s o m e researchers to question the relevance of these models. Andersen and Bollerslev (1998) argue that the low e x plantory power i s a n i nevitable consequence of the noise inherent in the return generating process. They propose a more precise measure of ex-post volatility (cumulative squared intradaily returns) and nd that GARCH models explain about 50 percent of the variation in this measure. This suggests that standard volatility m odels deliver reasonably accurate forecasts, but it leaves unanswered the question of whether volatility t i ming has economic value.
There has been little research that specically considers this issue. A few studies, such as Graham and Harvey (1996) and Copeland and Copeland (1999) , examine trading rules designed t o e xploit predictable c hanges i n v olatility. But these studies typically l i mit their analysis to simple s w i tching strategies. Busse (1999) , on the other hand, examines the trading behavior of active portfolio managers. He nds that a signicant p e rcentage of mutual fund managers tend to reduce their market exposure during periods of high expected v olatility. A l though this suggests that many fund managers behave l ike v olatility t i mers, their trading decisions may be driven b y factors other than volatility m odeling.
In this paper, we systematically e x amine the value of volatility timing for shorthorizon asset allocation strategies. The framework f or our analysis is straightforward. We consider an investor who uses a mean-variance optimization rule t o a l l ocate funds across four asset c l asses: stocks, bonds, gold, and cash. The investor's objective is to maximize expected return (or minimize v olatility) while matching a target volatility (or expected return). Allowing for daily rebalancing, the solution to the investor's portfolio problem is a dynamic trading strategy that species the optimal asset weights as a function of time. I m plementing this strategy, in general, requires estimates of both the conditional expected returns and the conditional covariance matrix. The variances and covariances, however, can typically be estimated with far greater precision than the expected returns (Merton (1980) ). Therefore, w e treat expected returns as constant and let the variation in the portfolio weights be driven purely b y c hanges in t he conditional covariance m atrix.
To e stimate the conditional covariance matrix, we e m ploy a g e neral nonparametric approach developed by F oster and Nelson (1996) . The estima t o r i s a w eighted rolling average of the squares and cross products of past return innovations that nests most ARCH, GARCH, and stochastic v olatility m odels a s s p e c i al cases. We determine the weights by m inimizing the asymptotic mean squared error (MSE) of the estimator. After constructing the covariance m atrix estimates, we form the dynamic portfolios and evaluate their performance. Our measure of the value of volatility t i ming is the estimated fee that a risk-averse investor would be willing to p a y to switch from the ex-ante optimal static portfolio to the dynamic portfolio.
The data for our analysis c onsist of daily returns for stock, bond, and gold futures. We use futures t o a void short sale constraints and microstructure eects, but our analysis generalizes to the underlying spot assets via standard no-arbitrage arguments. Our results indicate that when e stimation risk regarding expected returns is negligible, the volatility timing strategies plot above the ex-post ecient frontier for xed-weight portfolios. We obtain s i milar results after using a bootstrap procedure to control for estimation risk. For example, when the risk is comparable to that over our sample, the maximum return strategy has a higher Sharpe ratio than the ex-ante optimal static portfolio in 92 percent of our simulations. Moreover, the eectiveness of volatility t i ming increases i f w e use smoother volatility estimates than those obtained using our MSE criterion. When the volatility p e rsistence is comparable t o that implied by G A RCH models, a risk-averse investor would pay a positive fee to switch from the optimal static to the dynamic portfolio i n n e arly 100 percent o f t h e simulations. On average, the estimated f e e exceeds 170 basis points per year.
The remainder of the paper i s organized as follows. Section I develops our methodology for measuring the value of volatility t i ming. Section II describes the data used in our analysis. Section III reports the empirical results. Section IV sum-marizes our conclusions and outlines the implications for future research.
I. Methodology
Our methodology for measuring the value of volatility t i ming is to evaluate the impact of predictable changes i n v olatility o n t h e p e rformance of short-horizon asset allocation strategies.
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Both theoretical and empirical considerations motivate our focus on short-horizon strategies. Many theoretical models of the trading process imply that daily returns are characterized b y stochastic volatility (see, e.g., Tauchen and Pitts (1983) and ). And, empirically, the persistence i n v olatility i s stronger for daily r e turns than for returns measured over longer horizons (see, e.g., Glosten, Jagannathan, and Runkle (1993) ).
We use mean-variance analysis t o i m plement the asset allocation strategies. Consequently, they are optimal only if investors have logarithmic utility and the rst two moments completely characterize the joint distribution of returns. This is not problematic, h o wever, given t he nature of our investigation. Specically, i f v olatility t i ming has value using a suboptimal strategy, t h e n m ore sophisticated strategies are likely to yield even greater value. More importantly, the mean-variance approach facilitates several aspects of our analysis. First, it underlies most of the common measures of portfolio p e r formance. Second, the relation between mean-variance optimization and quadratic utility a l lows us to quantify how risk aversion aects the value of volatility timing. Finally, this framework accommodates a straightforward simulation approach to assess the signicance and robustness of our results.
A. Volatility Timing in a Mean-Variance F ramework Consider a n i n vestor with a one-day h o r i zon who wants to minimize portfolio v ariance subject to achieving a particular expected return. In general, constructing the portfolio w eights requires one-step-ahead estimates of both the vector of conditional means and the conditional covariance matrix. There is little e m pirical evidence, however, that we c an detect v ariation in expected returns at the daily level. M oreover, Merton (1980) shows that a very long sample period would b e n e eded to produce reliable c o e cient e stimates in a predictive regression. We assume, therefore, that our investor models expected returns as constant. Given our mean-variance framework, this is equivalent t o f o l lowing a volatility-timing strategy.
Since the portfolio weights in this strategy ignore any time v ariation in expected returns, our methodology for measuring the value of volatility timing should yield conservative r e sults. To s e e w h y, n o t e that theory implies a positive r e lation between expected returns and volatility. Ignoring this linkage causes our portfolio weights to decrease by m ore than is optimal when v olatility rises and to increase by m ore than is optimal when volatility falls. This reduces the potential eectiveness of our volatilitytiming strategy, but it also mitigates the concern that our results are actually driven by v ariation in expected returns.
To develop our methodology, let R t+1 , E[R t+1 ], and 6 t E t [(R t+1 0 )(R t+1 0) 0 ] d e note, r espectively, a n N 21 v ector of risky asset returns, the expected value of R t+1 , and the conditional covariance m atrix o f R t+1 : For each date t, the investor solves the quadratic program min wt w 0 t 6 t w t s:t: w 0 t + ( 1 0 w 0
(1) where w t is an N 2 1 v ector of portfolio w eights on the risky assets, R f is the return on the riskless asset, and p is the target expected rate of return. The solution to this optimization problem,
delivers the risky asset w eights. The weight on the riskless asset is 1 0 w 0
We c an express equation (2) in terms of futures returns by applying standard noarbitrage arguments. Under the cost-of-carry model, the return on a futures contract equals the total return on the underlying asset minus the riskless interest rate (since futures entail no initial investment). Subtracting the riskless rate from each e l ement of R t+1 has no eect on the conditional covariance matrix, so we can use the cost-ofcarry relation to express equation (2) The trading strategy implicit in equation (3) identies the dynamically-rebalanced portfolio that has minimum conditional variance f o r a n y c hoice o f e x pected return. We could conduct a similar analysis w h e re the objective i s t o m aximize the expected return subject to achievin g a p a r t i cular conditional variance. Thus, our mean-variance framework suggests two candidate volatility-timing strategies. First, we set the portfolio expected return equal to a xed target and solve for the weights that minimize conditional variance (the minimum volatility strategy). Second, we set the portfolio variance equal to a xed target and solve f o r t h e w eights that maximize conditional expected return (the maximum return strategy).
B. Estimating the Conditional Covariance M atrix
To i mplement the volatility-timing strategies, we n e ed to form one-step-ahead estimates of the conditional covariance matrix. A number o f e stimation methods have been developed in the literature. 2 We follow F oster and Nelson (1996) and use rolling estimators that are constructed in an asymptotically optimal manner. This approach has some d i stinct advantages in our application. Unlike m ultivariate ARCH and GARCH models, which are heavily parameterized and dicult t o e stimate, the computational demands of rolling estimators are modest. In addition, the nonparametric nature of the approach i s consistent with our objective o f p r o viding baseline evidence | without searching for the best volatility m odel | on the economic signicance of time-varying, predictable v olatility.
The class of rolling estimators that we e mploy c an be written aŝ ij;t = T0t X l=0t+1 ! ij;t+l (r i;t+l 0 i )(r j;t+l 0 j );
where r it and r jt denote the returns on assets i and j; respectively, ! ij;t+l is the weight placed on the product of the return innovations for date t + l; and T is the number of observations in the sample. To d i stinguish between variance estimators and covariance estimators, we will use the notation 2 it for the case where i = j. Although equation (4) admits a wide range of potential weighting schemes, Foster and Nelson (1996) demonstrate that the optimal strategy is to let the weights decline in an exponential fashion as the magnitude of l increases.
The precise form of the optimal weights depends on the characteristics of the volatility process. If v olatility i s stochastic, then the optimal weights for the twosided rolling estimator are given by ! ij;t+l = ( ij;t =2)e 0 ij;t jlj ;
(5) where ij;t is the decay rate. This estimator uses both leads and lags of returns to estimate ij;t . T o c onstruct the corresponding one-sided estimator, we set ! ij;t+l = 0 for l > 0 and double each of the weights for l 0.
Applying this m ethodology requires a n e stimate of the optimal decay rate. Foster and Nelson (1996) show how to estimate the ij;t that minimizes the asymptotic MSE of the estimator in equation (4). Their procedure, h o wever, impli e s a d i erent decay rate for each element of the conditional covariance matrix. Since this makes i t d i cult to ensure that the matrix i s positive denite, we i mpose the restriction ij;t = t for all i and j. Given this restriction, we can show that under empirically p l ausible assumptions the optimal decay r a t e i s c onstant. We estimate this decay r a t e b y minimizing the asymptotic MSE of our rolling estimator of 2 pt = w 0 
where W 0 is the investor's i nitial wealth.
We estimate the value of volatility t i ming by e quating the average utilities f o r t wo alternative portfolios. Suppose, for example, that holding a static portfolio y i elds the same a verage utility a s h o l ding a dynamic portfolio that is subject t o d a i ly expenses o f 1; expressed as a fraction of wealth invested. Since the investor would be indierent between these two a l ternatives, we i nterpret 1 as the maximum performance fee that he would be willing to pay t o s w i tch f rom the static to the dynamic strategy. To estimate this fee, we nd the value of 1 that satises (8) where R d;t+1 and R s;t+1 denote the returns for the dynamic and static strategies, respectively. W e report our estimates o f 1 a s a n n ualized fees i n basis points using two dierent v alues o f , one and ten. 4
II. Data and Preliminary Analysis
Our empirical analysis focuses on four broadly-dened asset classes: stocks, bonds, gold, and cash equivalents. As e xplained earlier, we use futures contracts for the analysis. The specic contracts are the S&P 500 index futures traded at the Chicago Mercantile Exchange, the Treasury bond futures traded at the Chicago Board of Trade, and the gold futures traded at the New York Mercantile Exchange. Since futures returns are approximately e quivalent t o e xcess spot returns, we can eliminate cash equivalents from explicit consideration. The weight placed in cash is implicit in the solution to the portfolio optimization problem using only the risky assets.
The source for the gold futures data is Datastream International and the source for the bond and stock futures data is the Futures Industry Institute. The gold futures contract closes at 1:30 CST each d a y w h i le the bond and stock c ontracts close at 2:00 CST and 3:15 CST, respectively. W e align the price observations across contracts by using daily c l osing prices for gold futures and the last transaction prices before 1:30 CST for the bond and stock contracts. In addition, we e xclude all days when a n y of the three markets is c l osed in order to maintain a uniform measurement i n terval across contracts. The sample period is January 3, 1983 to December 31, 1997.
A. The Returns
We c ompute the daily r e turns using the day-to-day price r e latives for the nearest to maturity contract. As the nearby contract approaches maturity, w e switch to the second nearby contract. We time t he switch to capture the contract month with the greatest trading volume. This results in s w i tching contracts for S&P 500 futures once the nearby contract enters its nal week and for bond and gold futures once the nearby contract enters the delivery month. This procedure yields a continuous series of 3,763 daily returns for each m arket. Table I provides descriptive statistics for the returns. Panel A shows that the average returns, , are highest for stock i ndex futures followed by bonds and then gold. The standard deviations, ; indicate that stocks are most volatile and that gold is more volatile than bonds. Panel B reports the sample return correlations, (R): The correlation between stock and bond returns is positive (0.397), while the correlations between stock and gold returns (00.105) and bond and gold returns (00.157) are negative. These ndings seem reasonable given historic spot market r e turns and the Table I about here implications of the cost-of-carry relation.
B. The Conditional Covariance Matrix Estimates
We u s e e q uation (4) to estimate the conditional covariance matrix. W e subtract the sample mean from the raw returns for each asset and then form the two-sided r olling weighted average of the squares and cross-products of the return innovations. The weights are given b y e q uation (5) with ij;t equal to our estimate of 0.063. Figure 1 plots the resulting estimates of the conditional volatilities ( P anel A) and correlations (Panel B). Table I reports the associated summary statistics.
The average volatility estimates are reported a s t in P anel A and are generally consistent w i th the standard deviatio n s o f r a w returns. The autocorrelation structure, shown in P anel C of Table I , reveals a strong degree of persistence for each series. Figure 1 shows that the volatility e stimates vary considerably o ver the course of the sample, and the correlations reported as ( t ) i n P anel B of Table I indicate that the volatility c hanges are positively correlated a c ross markets. Figure 1 also shows substantial time-series variation in the rolling return correlations. The average estimates, (r) i n P anel B o f T able I, are consistent w i th the sample correlations, (R); but the stock/gold and bond/gold correlations sharply decrease after the crash Figure 1 about here and the stock/bond correlations widely uctuate across the sample.
III. Empirical Results
The time-series v ariation in the covariance matrix estimates suggests a potential role for volatility timing in asset allocation decisions. In this section, we assess the economic value of volatility timing to short-horizon investors. First, we operationalize the portfolio o p t i mization procedure and examine the portfolio weights and the expost returns for the dynamic strategies. We then compare the performance of the dynamic portfolios to that of the ex-ante optimal static portfolios under various levels of estimation risk. F i nally, w e assess the sensitivity of our ndings to the choice o f decay rate used to generate the covariance matrix estimates.
Constructing the optimal portfolios requires estimates of the conditional expected returns, variances, and correlations. Estimates of the conditional variances and correlations are obtained using the procedure in Section I.B. W e use the one-sided e stimates which are based only on information available on a real-time basis. Although we treat the conditional expected returns as constant, it is not clear how w e should estimate them. A natural choice would be to use spot data prior to the start of our sample. The 1970s, however, produced dramatic economic changes such as the oil c risis, the shift in Federal Reserve i nterest rate policy, and the elimination of the gold standard. Using returns data from this period would be appropriate only i f w e assume i nvestors expected similar changes in t he 1980s and 1990s. More generally, to the extent that the portfolio returns are sensitive to the expected return estimates, using any s i ngle set of estimates would m ake i t d i cult to assess the robustness of our results.
To a void this problem, w e consider a range of expected return estimates generated using a bootstrap approach ( E f r on (1979)). The bootstrap is a simple resampling technique that controls for the uncertainty in estimating population parameters from sample data. We begin b y drawing randomly with replacement f rom the actual returns to generate a series of articial returns. Then, we c ompute the mean returns in this articial sample and use them, along with our conditional covariance m atrix estimates, to compute the optimal portfolio w eights. Finally, w e a p p l y these weights to the actual returns and conduct o u r p e rformance evaluations. This approach allows us to mimic the estimation risk that an investor would face w h e n estimating expected returns using a sample o f a n y given size.
Our approach also requires a b e nchmark portfolio in order t o m easure the value of volatility t i ming. The natural choice, given our mean-variance framework, is the unconditionally optimal static portfolio for the same target expected return or volatility used in the dynamic strategies. To construct this benchmark, we use our bootstrap estimates of the unconditional expected returns, volatilities, and covariances to solve for the required portfolio weights. This ensures that the static and dynamic portfolios are based on the same e x -ante information.
A. The Portfolio Weights and Returns
Before i mplementing the bootstrap, it is useful to establish baseline results for the case where estimation risk is negligible. This corresponds to constructing the portfolio weights based on the mean returns over the entire sample along with the one-stepahead estimates of the conditional covariance matrix. Figure 1 shows the resulting weights for the minimum volatility ( P anel C) and maximum return (Panel D) strategies. The weights are based on a target expected return of 10 percent and a target volatility o f 1 2 p e r c ent.
As expected, the sign and magnitude of each of the weights depends on the estimated expected r e turns and the conditional volatility and correlation estimates. For example, the weight in gold is generally n e gative because the average return on gold futures is negative. B ut the size of this short position decreases when gold volatility i ncreases, as in 1985 and 1993 (Panel A) , and when gold's correlation with stocks and bonds becomes more negative, as in 1987 and 1991 (Panel B) . Similarly, the split b e t ween stocks and bonds is sensitive to their relative v olatilities. Stock volatility d e creases steadily from 1991 to 1994 while bond volatility remains relatively constant. As a r e sult, the weight in stocks steadily increases over this period while the weight i n bonds decreases. The swings in the weights are more pronounced i n Panel D because a greater risk exposure is needed to match the target v olatility o f 12 percent. Panels C and D also show the implicit w eights in cash. A negative c ash weight m eans that the corresponding position in the underlying assets is levered; there are relatively few instances, however, when this o c curs.
We compute the ex-post daily returns for each strategy by m ultiplying the portfolio w eights by the observed next-day returns on stock, bond, and gold futures. The minimum volatility strategy yield s a m ean return of 9.8 percent, a sample v olatility of 10.7 percent , a n d a n e stimated Sharpe ratio of 0.92. For the maximum return strategy, the mean return is 12.4 percent, the sample v olatility is 13.6 percent, and the estimated Sharpe ratio is 0.91. To put these results in perspective, consider the ex-post minimum variance frontier for xed-weight portfolios. The maximum realizable Sharpe ratio is 0.86, so both of the dynamic strategies plot above t he ecient frontier. The implication of this nding is c lear. It is unlikely that we w ould h a ve chosen ex-ante a xed-weight portfolio that turned out to be ex-post ecient; but, even if we had, we w ould not have outperformed e ither of the dynamic strategies.
To assess the statistical signicance of the volatility t i ming results, we conduct simulations where the asset returns are generated independently of the portfolio weights. We rst form a random permutation of the actual return series and then w e apply the actual weights to the randomized returns to compute portfolio returns. 5 If the volatility timing gains are signicant, the strategies should p e rform better using the actual data than in the simulations. We nd this to be the case. For the minimum volatility strategy, the mean return and volatility across 10,000 trials are 9.7 percent and 12.9 percent. No trial produces a v olatility a s l ow as that observed using the actual returns, and only 9.2 percent o f t h e t r i als y i eld a higher Sharpe ratio. For the maximum return strategy, the mean return and volatility are 14.0 percent and 23.6 percent, and only 0.4 percent of the trials yield a higher Sharpe ratio. These ndings indicate it is unlikely that the gains to volatility timing are due to chance.
Table II breaks d o wn the actual ex-post portfolio returns for the dynamic strate- Table I I about here gies by three-year subperiods. The average returns and sample v olatilities v ary considerably across the subperiods, with the worst and best performance during the periods 1992 to 1994 and 1995 to 1997, respectively. Of course, these results are based on fairly s m all samples, so much of the variation may be attributable to estimation error. The nal two lines of the table show t hat the 1987 stock m arket crash has little i mpact on the results. Specically, i f w e exclude either the two-week period following the crash or the entire 1986 to 1988 subperiod, the performance of the dynamic strategies i s c omparable to that observed over the entire sample.
B. The Impact of Estimation R isk Although our previous results suggest volatility timing may h a ve v alue, these results do not account f o r e stimation risk. We e v aluate the impact of this risk using the bootstrap approach d e scribed earlier. Suppose, f o r e xample, that we w ant t o m imic the estimation risk that an investor would face u s i ng a sample s i ze comparable to our sample. We g e nerate an articial sample of 4000 returns by drawing randomly with replacement from the actual returns. We then c o m pute the portfolio weights using the articial sample means (instead of the true sample means), apply these weights to the actual returns, and evaluate the performance of the dynamic strategies. 6 We quantify the impact of estimation risk by c omparing the simulation results to the case where estimation risk is negligible. Across 10,000 simulation trials, the mean Sharpe ratios for the minimum volatility and maximum return strategies are 0.84 and 0.85, compared to the 0.92 and 0.91 reported earlier. We can translate these dierences into annualized basis point f e es using our utility-based approach. This indicates that to eliminate the risk of estimating the expected returns from a sample size of 4000, an investor with a relative r i sk aversion of one would be willing to pay 105 and 80 basis points, on average, when implementing the minimum volatility a n d maximum return strategies. The magnitude of these fees suggests that the impact o f estimation risk can be substantial. Table III shows how the fees v ary with the level of estimation risk. As expected, Table III about here the fees d e cline monotonically with the sample size, independent of whether t he risk aversion is = 1 o r = 1 0 : The overall relation between the fees, risk aversion, and estimation risk, however, is m ore complex. I n s o m e instances, the fee for = 1 i s higher than the fee f o r = 1 0 . To see how this occurs, note that both the mean and volatility t e nd to fall as the number of observations in the sample decreases. Thus, when the number of observations is small, the resulting portfolio is likely t o be less attractive t o a n i nvestor with low risk aversion than to an investor with high risk aversion. Under these circumstances, eliminating the estimation risk can have a greater impact for investors with low r i sk aversion.
C. The Value of Volatility Timing
We use a similar approach to estimate the value of volatility t i ming under various levels of estimation risk. Specically, w e c ompare the performance of the dynamic portfolios to the performance of the unconditionally mean-variance e cient static portfolios that have the same target e x pected return and volatility. W e c onstruct the static portfolios using the unconditional means, variances, and covariances obtained from the articial data. 7 As before, we then a p p l y the optimal xed weights to the actual returns to evaluate ex-post performance. Since the static and dynamic portfolios incorporate the same l e vel o f e stimation risk, their relative performance should reliably indicate the value of volatility t iming. Figure 2 shows the results for 10,000 simulation trials where k = 4000 observations. Each point in the gure represent s a s e parate trial, plotting the realized Sharpe Figure 2 about here ratio for both the static ( x -axis) and dynamic (y-axis) portfolios. For the minimum volatility strategy (Panel A), the points are clustered around a 45-degree line through the gure, suggesting that its advantage over the static portfolio i s relatively modest. Nonetheless, in 84 percent of the trials, the dynamic portfolio a c hieves the higher Sharpe ratio. For the maximum return strategy (Panel B), the performance dierential is even greater. The distribution clearly shifts above the 45-degree line, and the dynamic portfolio achieves the higher Sharpe ratio in 92 percent of the trials.
Averaging across the simulation trials, both of the static portfolios produce a mean Sharpe ratio of 0.80, compared to 0.84 and 0.85 for the dynamic strategies. Although these dierences d o n o t s e em large, they can translate into sizable p e r formance fees. With = 1, for example, our quadratic-utility i nvestor would be willing to pay a n e stimated 173 basis points annually to switch from the ex-ante optimal static portfolio to the maximum return strategy. I n other cases, however, the estimated fees are much s m aller. The fees to switch to the maximum return strategy when = 1 0 o r t o t h e m inimum volatility s t r ategy when = 1 are close to zero. These dierences highlight the eect of risk aversion on the tradeo between r i sk and return. When risk aversion is l o w, the higher return of the dynamic strategy is worth the slight increase in v olatility. B ut, when risk aversion is high, the increase in return Figure 3 about here is not enough to compensate for the greater v olatility. Table I V s h o ws how the performance comparisons vary with the level of estimation risk. As w e i ncrease the sample s i ze, the Sharpe ratios for both the static a n d dynamic strategies increase, as does the fraction of trials i n w h i ch the dynamic strategies outperform the static strategies (p-value). However, v arying sample s i ze has little Table I V about here impact o n t he estimated performance fees. This is revealing given that estimation risk has a big impact on the performance of the dynamic strategies ( T able III). Apparently, e stimation risk has a similar eect on both the static and dynamic strategies. Therefore, if the level of estimation risk is the same for both strategies, changing the level h a s l i ttle impact on the relative p e rformance fees.
Finally, T able V illustrates the eect of changing the target e xpected return and volatility. R e call that our previous results are based on targets o f p = 10 percent a n d p = 12 percent. Changing the targets moves the portfolio to a dierent point a l ong the ecient frontier. This changes the portfolio's expected r e turn and volatility but not its Sharpe ratio. The minor dierences in the Sharpe ratios in Table V are solely Table V about here due to sampling variation associated with the bootstrap procedure. The performance fees, on the other hand, do vary with the targets because the tradeo between risk and return is nonlinear. Nonetheless, regardless of the choice of targets, volatility timing always has value for some r e asonable level of risk aversion. Since this suggests that our overall results are robust to this issue, we c ontinue to rely on targets of 10 percent a n d 1 2 p e rcent for the remainder of the analysis.
D. Sensitivity Analysis
All of our previous results are based on the estimated decay rate that minimizes the asymptotic MSE of our covariance m atrix estimator. Although this is the optimal choice with respect to estimator eciency, i t m ay be suboptimal in terms o f i m plementing our volatility-timing strategies. Our estimated decay rate of 0.063 implies that the half-life of a volatility shock is about 11 trading days. 8 This i s m uch shorter than the two-to six-month half-lives commonly obtained u s i ng GARCH models for U.S. equity returns (see, e.g., Bollerslev, Chou, and Kroner (1992) ). Perhaps an investor would be better o u s i ng smoother covariance matrix estimates t o r e duce some of the noise inherent in the estimated portfolio w eights. We i n vestigate this b y examining the sensitivity of our ndings to the choice o f d e c ay r a t e . Table V I r e ports the Sharpe ratios, probability v alues, and estimated performance fees for decay r a t e s ranging from 0.001 to 0.1. Not surprisingly, the results vary Table V I about here substantially as we m ove from one end of this range to the other. The dynamic strategies have the greatest performance edge in the region = 0 :005 to 0.02. For example, with = 1 and = 0 :005, the maximum return strategy has a Sharpe ratio of 0.96, a probability v alue of 1.00, and an estimated performance fee of 241 basis points. This c hoice o f d e c ay rate implies that the half-life o f a v olatility shock i s about 139 trading days, generating much s m oother c o variance m atrix estimates t h a n we used above. T h us, volatility timing appea r s t o b e m ore eective w h e n w e s m ooth the estimates more than is optimal under our asymptotic MSE criterion. Figure 3 shows the distribution of the performance fees when = 0 :005: For the minimum volatility s t rategy (Panel C), the distribution for = 10 still plots to the right o f t h a t f or = 1 ; as in Panel A. H owever, now a l most all of the fees are greater than zero, regardless of whether = 1 o r = 1 0 : A similar shift in the distribution is evident f or the maximum return strategy (Panel D). For both levels of risk aversion, the fees almost always exceed 100 basis points, and roughly half are greater than 200 basis points. This provides the strongest evidence yet that volatility t i ming has signicant v alue.
A nal issue is whether the value of volatility t i ming is oset b y transaction costs. We assess this b y running another set o f s i m ulations in which w e i m pose various levels of proportional transaction costs. The results indicate that, over a wide range, the impact of transaction costs is approximately linear | when = 0 :005; each percentage point i ncrease in the one-way c ost reduces the mean return for the dynamic strategies b y 4 t o 5 basis points. Thus, the transaction costs would need to be 19 (or 47) percent a n n ualized t o e q uate the Sharpe ratios for the static and minimum volatility (or maximum return) strategies. To g i ve t h i s s o m e p e rspective, suppose conservatively that the bid/ask spread and roundtrip commission costs for S&P 500 futures total $0.10 per index unit. With an average index l evel of $384.51 over our sample period, this implies a one-way transaction co s t o f 0 :05=384:51 2 252 = 3:28 percent a n n ualized. Our results indicate that transaction costs need t o b e a t l east six times this estimate to oset the dynamic strategies' advantage.
IV. Conclusions
Researchers have l ong known that volatility i s predictable. H owever, the low e xplanatory power of standard volatility m odels has led to questions about their economic relevance. Our analysis i ndicates that the predictability captured by v olatility m odeling is e c onomically signicant. In p a r t icular, we nd that volatility-timing strategies based o n o n e -step-ahead estimates of the conditional covariance matrix signicantly outperform the unconditionally ecient static portfolios with the same target expected r e turn and volatility. This nding is robust to both the level of estimation risk and transaction costs. Moreover, our results are probably conservative because we u s e a s i mple nonparametric v olatility s p e cication and ignore any linkage between volatility c hanges and changes i n e xpected r e turns.
Our work suggests a number of possible d i rections for future research. First, since volatility timing requires a c tive trading, hedge funds are a likely source for further empirical evidence. It would b e i n teresting, for example, to develop a volatilitytiming coecient for the various classes of hedge funds and examine whether the cross-sectional variation in this c oecient e x plains dierences in fund performance. Another possibility is to assess the importance o f v olatility m odeling in a p p l ications unrelated to asset allocation. We are currently pursuing this issue in the context of derivatives risk management. Finally, recent w ork by F erson and Siegel (1999) and Bekaert and Liu (1999) shows how to optimally incorporate conditioning information when the objective i s t o m aximize a n u n c onditional mean-variance criterion. This provides a natural framework for investigating the linkage between volatility timing, return predictability, and traditional methods of performance evaluation. Endnotes 1. This approach is similar in spirit to Kandel and Stambaugh (1996) . T h e y u s e a B a yesian framework to study how stock return predictability inuences the asset allocation decisions of an investor with power utility. Our analysis also focuses on the economic signicance of predictable variation in the inputs to a portfolio problem, but we use a less complex approach that i s m o r e consistent w i t h t raditional performance measurement methods.
2. Ocer (1973) and Fama and MacBeth (1973) employ ad hoc rolling estimators. Merton (1980) and French, Schwert, and Stambaugh (1987) divide the data into nonoverlapping blocks and treat the conditional variances and covariances as constant within each block. More recently, A R CH models (e.g., Engle (1982) and Bollerslev (1986) ) have gained popularity. Our approach nests a broad range of ARCH and GARCH models as special cases.
3. An appendix is available on the journal's w ebsite (www.afajof.org) that describes our estimation procedure in detail. Note that the procedure relies on the actual data, so we potentially introduce a look-ahead bias i n to our results. However, the sensitivity a nalysis in Section III.D suggests this is not a signicant concern. In particular, we nd that volatility timing is more eective using a smaller decay rate than implied by t he minimum MSE criterion. A smaller decay rate generates smoother volatility e s timates than the ones we use and is consistent with the ndings in the GARCH literature.
4. Since utility depends on total returns rather than excess returns, we a lso have to specify a v alue for the riskless rate. We set R f = 6 percent in the empirical analysis.
5. Note that this is asymptotically equivalent to using the actual returns and randomizing the portfolio weights. Either way, the weights are independent o f the asset returns.
6. Most investors would weigh the expected returns obtained from s a mpling against their prior expectations. Specically, asset pricing theory suggests that t he unconditional expected returns for stock a nd bond futures should be positive, and that stocks should have the highest expected return, followed by bonds, and then gold. We incorporate these priors into o ur bootstrap experiment b y requiring that t he average returns in each of our articial samples satisfy both conditions.
7. An investor implementing the static strategy would generally expect greater volatility for stocks than for bonds. T herefore, in addition to the conditions given in footnote 6, we require that each o f o ur articial samples has a higher volatility for stocks than f o r bonds.
8. The half-life is 0 ln(0:5)=:
Foster, Dean P., and Dan B. Nelson, 1996, C ontinuous record asymptotics for rolling sample The table provides summary statistics for daily returns on S&P 500 stock index futures, T-bond futures, and gold futures. The returns are computed as daily price relatives minus one. We estimate the conditional covariance matrix u s i ng the Foster and Nelson (1996) two-sided procedure described in the text. Panel A reports the mean returns (), standard deviations (), and mean conditional volatilities ( t ). These values are annualized using 252 trading days per year. Panel B reports the cross-market correlations of returns ((R)), the average conditional correlation based on our covariance matrix estimates ((r)), and the correlations of the changes in c o nditional v olatilities (( t )). Panel C reports the estimated autocorrelations of the conditional volatility estimates ( l ) for l = 1 ; : : : ; 10 lags. The sample period is January 3, 1983 through December 31, 1997 (3,763 observations), and is divided into a pre-crash period ending September30, 1 9 87 (1,194 o bservations) and a post-crash period beginning November 2, 1987 (2,547 observations). The table summarizes the ex-post performance of the volatility-timing strategies. The dynamic portfolio weights are determined by s o l ving a daily portfolio optimization p r o blem in which t h e expected returns are assumed to be constant and equal to the in-sample mean returns. The daily estimates of the conditional covariance matrix of returns are obtained using the Foster and Nelson (1996) one-sided procedure described in the text. We s o lve for two sets of dynamic w eights: (1) those that m inimize conditional v olatility while setting the conditional expected return equal to 10 percent, and (2) those that maximize conditional expected return while setting the conditional volatility equal to 12 percent. For each set of weights, we report the annualized mean realized return (), the annualized realized volatility ( ), and the realized Sharpe ratio (SR). The sample period is January 3, 1983 through December31, 1997. The rst three months of data arewithheld to initialize the volatility estimation procedure. We a l so report results for each three-year subsample a nd for two non-crash periods which exclude either October 19-30, 1987 Table III The Eect of Estimation Risk on the Performance of the Volatility-Timing Strategies
The table illustrates the eect of estimation risk on the performance of the volatility-timing strategies. We m imic this r i sk using a bootstrap approach. Specically, w e generate a random sample of k observations by sampling with replacement from the actual returns, and we u s e the mean returns for this sample t o c o mpute the dynamic portfolio weights. These weights are determined by solving a daily p o rtfolio optimization problem in which the conditional c o variance matrix of returns is estimated using the Foster and Nelson (1996) one-sided procedure described in the text. We repeat the bootstrap experiment 10,000 times for each value of k:
The table reports the annualized mean realized returns (), annualized realized volatilities (), and the realized Sharpe ratios (SR), as well as the average annualized basis point f e e s ( 1 ) t h a t a n i n vestor with quadratic utility and constant relative r i sk aversion of = 1 o r = 1 0 w ould b e w i l ling to pay t o eliminate the risk associated with estimating expected returns.
Minimum Volatility Strategy
Maximum Return Strategy The table c o mpares the performance of the volatility-timing strategies to that of the ex-ante optimal static portfolios. We use a bootstrap procedure to simulate the ex-ante information set. Specically, we generate a random sample o f k observations by sampling with replacement from the actual returns in o rder to estimate the unconditional m ean returns, volatilities, and correlations. Using these estimates, we c o mpute the weights that deliver the unconditionally e cient static portfolios. To obtain the weights for the volatility-timing strategies, we use the mean returns from the bootstrap sample and our daily estimates of the conditional covariance matrix to solve the daily optimal portfolio problem. We repeat the bootstrap experiment 10,000 times for e a ch k using a target expected return and volatility o f 1 0 p e r c e n t a nd 12 percent, respectively. The table reports the annualized mean realized returns (), annualized realized volatilities (), and realized Sharpe ratios (SR) f or each strategy, the proportion of trials i n w h i ch the volatility-timing strategy has a higher Sharpe ratio than the static portfolio (p-value), and the average annualized basis point f e e s ( 1 ) that an investor with quadratic utility and constant r e l ative risk aversion of = 1 o r = 1 0 w ould be willing to pay t o s w itch from the static portfolios to the volatility-timing strategies. The table shows how the performance of the volatility-timing strategies varies with the target expected return and volatility. W e form a random sample of 4,000 observations by s a m pling with replacement from the actual returns in order to estimate the unconditional mean returns, volatilities, and correlations. Using these estimates, we c o mpute the weights that deliver the unconditionally ecient s t a tic portfolios. To obtain the weights for the volatility-timing strategies, we use the mean returns from the bootstrap s a mple and our daily e s t i mates of the conditional covariance matrix t o solve the daily optimal portfolio problem. W e repeat this procedure 10,000 t i mes for each target expected return and volatility. The table reports the annualized mean realized returns (), annualized realized volatilities (), and realized Sharpe ratios (SR) for each strategy, the proportion of trials i n which the volatility-timing strategy has a higherSharperatio than the static portfolio ( p -value), and the average annualized basis point f ees (1 ) that an i n vestor with quadratic utility and constant relative r i sk aversion o f = 1 o r = 1 0 w ould be willing to pay to switch f rom the static portfolios to the volatility-timing strategies. The table i l lustrates the eect of the decay rate () u s e d t o e s t i mate the daily conditional covariance matrix on the performance of the volatility-timing strategies. We f o rm a random sample o f 4,000 observations by sampling with replacement from the actual returns in order to estimate the unconditional mean returns, volatilities, and correlations. Using these estimates, we c o m pute the weights that deliver the unconditionally ecient static portfolios. To obtain the weights for the volatility-timing strategies, we use the mean returns from the bootstrap sample and our daily estimates of the conditional covariance matrix to solve the daily optimal portfolio problem. W e repeat this procedure 10,000 times for each v alue of usin g a t a rget expected return and volatility o f 1 0 percent and 12 percent, respectively. The table reports the annualized mean realized returns (), annualized realized volatilities (), and realized Sharpe ratios (SR) for each strategy, the proportion of trials i n which the volatility-timing strategy has a higher Sharpe ratio than the static p o rtfolio (p-value), and the average annualized basis point fees (1 ) that an investor with quadratic utility and constant relative risk aversion of = 1 o r = 1 0 w ould be willing to pay t o s w i tch from the static portfolios to the volatility-timing strategies. Figure 1 . Daily volatility estimates, correlation estimates, and portfolio weights for the volatility-timing strategies. Panels A and B show the daily estimates of the conditional volatilities (annualized) and cross-market correlations, respectively, of S&P 500, T-bond, and gold futures returns. The estimates are obtained using the Foster and Nelson (1996) two-sided procedure described in the text. Panels C and D show the results of daily portfolio optimizations using stock, bond, and gold futures. We assume that the expected returns are equal to their in-sample means and we estimate the daily covariance matrix using the Foster and Nelson (1996) one-sided procedure. Panel C shows the weights that minimize conditional volatility while setting the expected return equal to 10 percent, and Panel D shows the weights that maximize expected return while setting the conditional volatility equal to 12 percent. The sample period is January 3, 1983 through December 31, 1997. . Sharpe ratios of the volatility-timing and ex-ante optimal static strategies. The figure plots the realized Sharpe ratios for the volatility-timing and ex-ante optimal static strategies. The input parameters used in the portfolio optimizations are determined by bootstrapping. Specifically, using actual returns, we generate an artificial sample of 4,000 observations from which we estimate the mean returns, volatilities, and covariances for each asset. For the volatility-timing strategies, we use the estimated mean returns and our daily covariance matrix estimate to determine the daily optimal portfolio. For the static strategies, we use the estimated mean returns, volatilities, and covariances from the artificial sample to determine the unconditional optimal portfolio. The figure plots the realized Sharpe ratios for each of 10,000 trials of this bootstrap experiment. The sample period for the realized returns is April 4, 1983 through December 31, 1997. Figure 3. Distribution of the performance fees to switch from the optimal static strategies to the volatility-timing strategies. The figure shows the distribution of fees across 10,000 bootstrap experiments that an investor with quadratic utility and relative risk aversion of γ would pay to switch from the ex-ante optimal static strategies to the volatility-timing strategies. In the bootstrap experiments, we generate a random sample of 4,000 observations by sampling from the actual returns to estimate the unconditional mean returns, volatilities, and covariances. We use these estimates to form the unconditional optimal portfolio. We implement the volatility-timing strategies using the estimated means and our daily covariance matrix estimates. Panels A and B show the results when α = 0.063 is used to estimate the daily covariance matrix. Panels C and D show the results when α = 0.005. The sample period for the realized returns is April 4, 1983 through December 31, 1997.
In practice, the optimal portfolio w eights are unknown, so we h a ve to adopt an iterative procedure. We start by forming an equally-weighted portfolio of the assets and solving for the optimal value of vc . Once we h a ve a n i nitial estimate of the optimal vc , w e use this estimate to construct a one-sided, exponentially-weighted, rolling estimator of the conditional covariance m atrix of returns. This, in turn, allows us to form initial estimates of the weights that deliver the conditionally e cient portfolio a t e ach point i n t i me. We apply these weights, solve f or a new estimate of the optimal vc , and iterate on the process until convergence i s a c hieved.
